As the world population keeps increasing and cultivating more land, the extraction of vegetation conditions using remote sensing is important for monitoring land changes in areas with limited ground observations. Water supply in wetlands directly affects plant growth and biodiversity, which makes monitoring drought an important aspect in such areas. Vegetation Temperature Condition Index (VTCI) which depends on thermal stress and vegetation state, is widely used as an indicator for drought monitoring using satellite data. In this study, using clear-sky Landsat multispectral images, VTCI was derived from Land Surface Temperature (LST) and the Normalized Difference Vegetation Index (NDVI). Derived VTCI was used to observe the drought patterns of the wetlands in Lake Chad between 1999 and 2018. The proportion of vegetation from WorldView-3 images was later introduced to evaluate the methods used. With an overall accuracy exceeding 90% and a kappa coefficient greater than 0.8, these methods accurately acquired vegetation training samples and adaptive thresholds, allowing for accurate estimations of the spatially distributed VTCI. The results obtained present a coherent spatial distribution of VTCI values estimated using LST and NDVI. Most areas during the study period experienced mild drought conditions, though severe cases were often seen around the northern part of the lake. With limited in-situ data in this area, this study presents how VTCI estimations can be developed for drought monitoring using satellite observations. This further shows the usefulness of remote sensing to improve the information about areas that are difficult to access or with poor availability of conventional meteorological data.
Introduction
Marshes and vegetation close to inland water bodies are known to be sensitive to changes in hydrology within their natural habitat since they co-exist in transitional zones between aquatic and terrestrial systems. Shortage of water availability leads to soil moisture depletion, which further hinders the growth and health of plants in the area [1] . Increases in temperature also affect these vegetation systems by accelerating their rate of evaporation and transpiration [2] . Though information on rainfall, surface and groundwater patterns are required for understanding and management of a given environment, this information is insufficient on its own. Interaction with various environmental and social factors such as floods, droughts, bushfires, irrigation and many others also need to be taken into account.
Drought is one of the most damaging weather-induced disasters. Timely information of its duration, spatial coverage, intensity and impact is essential for drought management. Droughts often result in the loss of livelihoods coupled with numerous environmental impacts, particularly in the agricultural sector [3] [4] [5] . Given that marshes and vegetation close to inland water bodies are tied to the availability of water within their ecosystem, identification of drought patterns could be used as a tool for monitoring and sustainable management [6] . Drought monitoring becomes a hurdle in cases where the wetland and marshes are in hard-to-reach areas and with occasional unfavorable flooding conditions. This coupled with limited and low-quality ground observations hinders effective drought monitoring for a given area.
A drought index can help to define drought parameters such as severity, duration intensity and spatial extent. For a given environment, this index assimilates different meteorological and hydrological parameters, as well as water supply indicators into a single numerical value and gives a comprehensive representation for that environment. This comprehensive representation is readily useable rather than raw data. Its numerical values are usually used by decision and policy makers to evaluate and monitor drought situations. Therefore, creating a time series of a drought index can provide a "framework" for evaluating those parameters. Numerous indices have been developed for drought representation. They have been broadly divided into two categories; site-based and remote sensing-based indices [7, 8] .
The site-based indices use multiple hydro-meteorological variables in a single drought indicator to capture the interactions that lead to droughts. Common types of site-based drought indices include, the Palmer Drought Severity Index (PDSI), which is a popular meteorological drought index that uses precipitation and temperature to monitor soil moisture changes within a two-layer water balance model. PDSI values typically vary from −4.0 to +4.0, negative values indicating drought conditions, while positive values indicate wet conditions [9] . Another drought index that is popular because of its computational simplicity and forecasting ability at different time scales is the Standardized Precipitation Index (SPI). The SPI first fits a probability distribution to historic precipitation time-series data, and then normalizes the fitted distribution using the standard inverse Gaussian function to compute the drought index. SPI values are dimensionless with negative values indicating drought conditions, and the magnitudes of their departures from zero indicating the severity of the drought [10] . The accuracies of drought indices like the PDSI, and SPI depends on ground observations. Such dependencies become unreliable in areas where these observations are sparse and usually of poor temporal resolution [11] . At a regional scale, drought indices derived from in situ precipitation and temperature cannot provide insight on spatial variability in drought conditions [12] .
Over the years, satellite remote sensing products have provided numerous affordable and efficient monitoring tools for mapping and describing environmental changes from a local to a global scale [13, 14] . Remote sensing-based indices typically use observations in several spectral bands, each of which provides different information about surface conditions at varying times. Some remote sensing-based indices includes; Normalized Difference Vegetation Index (NDVI), Temperature Condition Index (TCI), Vegetation Condition Index (VCI), Vegetation Health Index (VHI). TCI, VCI, and VHI are known as vegetation indices which are often used as drought indicators. TCI identifies vegetation stress caused by extreme hot and wet conditions. VCI is used to classify vegetation changes from "bad" to "optimum" condition while the VHI describes vegetation health from the combination of TCI (temperature) and VCI (vegetation condition) [13] . Some of these drought indices and indicators have been used by international organizations to produce and maintain online drought monitoring platforms. An example of these platforms is the Global Vegetation Health system. It is managed by the Center for Satellite Application and Research (NOAA STAR) and estimates vegetation health, moisture and thermal conditions. Its VHIs are derived from the radiance observed by the Advanced Very High-Resolution Radiometer (AVHRR) and provides its products at 4 km spatial resolution. Some other efforts like the Global Information and Early Warning System on Food and Agriculture (FAO-GIEWS) provides monthly briefings on countries under drought that are facing food crisis (http://www.fao.org/giews/en/). For the African continent, the U.S. Agency for International Development (USAID) Famine Early Warning System Network (FEWS Net) (https://earlywarning.usgs.gov/fews) produces and maintains several drought monitoring indicators including SPI, evapotranspiration and NDVI products. Remote sensing data are used to generate these indicators. The product resolution for this area ranges from a scale of 250 m to 10 km. While these outputs are valuable, seasonal drought variations derived at a higher resolution for a specific area in need can substantially improve risk assessment.
Since droughts are naturally associated with vegetation state and cover, vegetation indices (VI) are commonly used as an indicator for drought monitoring [15, 16] . For a given area, the absorption and reflection of photosynthetically active radiation over a period of time can be used to characterize the health of the vegetation that area. This can be achieved by using NDVI, which is the most commonly used VI indicator for drought monitoring. It has been extensively used in ecosystem monitoring and particularly as a drought indicator even in environments where vegetation cover was less than 30% [17] [18] [19] . Some researchers have used NDVI to monitor drought on a national scale. For example, Nanzad et al. [20] mapped out drought severity for Mongolia during the "growing" season using NDVI [21] .
Land Surface Temperature (LST) can provide valuable information about the hydrological setting of an environment. High LST values usually depict extreme dry conditions due to a lack of soil moisture. When used together, NDVI and LST products can provide insight for drought monitoring. Such a combination may help to infer water stress in bare land, sparse and fully vegetated area [22, 23] . For pixels with the same NDVI, a low LST value will represent stronger evaporative cooling. This is because there is sufficient water which enhances transpiration and cools plants. In contrast, a water deficient plant will experience an increase in leaf temperature due to closing of the plant stomata.
Following the Lake Chad's drastic decrease in water levels, numerous studies have been carried out on the hydrology of the Lake Chad Basin (LCB). With the lack of in situ observations in this area, most of the studies relied on various satellite products to document hydrological changes [24, 25] . Some researchers used satellite products to analyze precipitation trends and its effects on lake levels in Komadugu-Yobe which is a river that flows into Lake Chad through Nigeria and Niger [26, 27] . The effects of regional precipitation variations and the impact of anthropogenic activities on Lake Chad was reported by Coe and Foley [28] . Other researchers focused on water availability and spatio-temporal variability of water storage over the LCB. For example, Coe and Birkett [29] , used satellite radar altimetric lake height measurements to estimate river discharge.
Unlike the hydrological aspects of the lake, studies on drought conditions of the LCB are relatively few. Approximately three sources were found to provide significant studies on drought over the basin. Nkiaka et al. [30] used Standardized Precipitation Index (SPI) and Standardized Streamflow Index (SSI) to analyze dry/wet conditions in the Logone catchment over a 50-year period (1951-2000) . Their results revealed both the Sudano and Sahelian zones are equally prone to droughts and floods. Ndehedehe et al. [31] used recently introduced standardized non-parametric univariate and multivariate drought indices for the characterization of different droughts. They used the Independent Component Analysis (ICA), a higher order statistical technique to decompose SPI and standardized soil moisture index values into spatial and temporal patterns. The authors further used the multivariate standardized index (MSDI) to evaluate the effectiveness of rainfall and soil moisture in capturing drought frequency, persistence, and termination. Though marked with variability, the authors recorded relatively wet conditions for the last two decades from the temporal evolutions of SPI at 12 months aggregate. Okonkwo et al. [32] analyzed monthly gridded rainfall using SPI to show that extreme wet conditions prevailed within the basin in 2010. Using autocorrelation analysis, the authors identified a high drought index in the northernmost part of the LCB and suggested a higher likelihood of low rainfall in that area. Though very insightful, these studies either generalized for the entire LCB which has an area of about 2.5 × 106 km 2 or used ground observations in computing the drought indices. Drought indices derived from such data for that large an area cannot provide information on the regional drought intensity or patterns for this area. Additionally, for an area like Lake Chad where recent ground observation stations are sparse, these data sets may not be available in time for drought monitoring and decision making. For instance, with regards to the water transfer project to replenish the lake, such indices may not be able to provide near to real time regional drought patterns within the LCB. Such information could help authorities determine where and when water is to be transferred from the Congo Basin into the LCB.
Last year, UNESCO launched the BIOsphere and Heritage of Lake Chad (BIOPALT) project. The project aims to strengthen the capacity of member states of the Lake Chad Basin Commission (LCBC) to monitor and sustainably manage the hydrological, biological and cultural resources of the LCB [33] . A major objective of this project is to establish an early warning system for droughts and floods in the Lake Chad area. Seasonal drought variation patterns have the potential to provide vital information to such a warning system. With farming and animal grazing being predominant activities among inhabitants in this area, such information also has the potential of helping locals to make adaptive choices on planting seasons, crop varieties and labor usage. Therefore, understanding the drought severity on the immediate environment of the lake will be a useful and robust tool for planning and development strategies.
The overall goal of this study is to characterize spatial drought patterns in the immediate environment of Lake Chad during the dry seasons of 1999, 2007, 2010, 2013, 2015, and 2018 . This will be achieved by deriving Land Surface Temperature (LST) and vegetation information as indicators for drought monitoring from Landsat images with a spatial resolution of 30 m. First, both NDVI and LST datasets were obtained using Landsat satellite images. Later, the VTCI was produced, identifying drought zones for this area. For authorities to be able to address the underlying drivers of any future environmental crisis, the environmental changes occurring within and around the lake must be understood across multiple spatial and temporal scales. This has the potential of providing authorities with up-to-date data needed to execute the water transfer and the BIOPALT projects which all aim to restore the degraded ecosystems in this area.
Study Area

General Overview
The Lake Chad Basin (LCB) is one of the largest inland drainage basins covering about 2,500,000 km 2 and supports over 30 million people for various purposes [34] . At its center, lies Lake Chad, a freshwater body that is shared between Cameroon (CMR), Chad (TCD), Nigeria (NGA), and Niger (NER) as seen in Figure 1 . The lake receives most of its water supply from the Chari-Logone River with over 90% of inflows into the southern section of the lake. The Komadugu-Yobe River provides about 3% of water that flows into the lake from the northern section and is highly dependent on rainfall [26, 30] . In a little over forty years, Lake Chad lost about 90% of its water (24,000 km 2~1 700 km 2 ) with most of this decrease occurring between the years 1973 and 1975. [35, 36] . Due to severe droughts during that period, the lake was separated into two parts with a great sand barrier lying between the southern part which has always had a pool of open water, and the northern part which is sometimes inundated [35] . The decrease in water levels led to the emergence of different land surface features within Lake Chad. Vegetation is the major land surface feature in this area occupying about 55% of what used to be open water in this area. Followed by patches of sand dunes which occupies about 35% of the area. Marshes which are mostly found around the transition areas between water and sand dunes, covers about 15% of this area. Open water makes up the remaining 10% [24] .
The population within the LCB is estimated to reach 80 million by 2030 and with this increase, there is an anticipated increase in demand for water and various economic and livelihood activities linked to it [37] . Numerous studies have shown considerable fluctuations in lake levels over the past decades. Some authors attributed these fluctuations to climate variability and environmental degradation [19, [27] [28] [29] . 
Climate and Hydrology
The LCB climate is characterized by high spatio-temporal variability in rainfall which is mostly controlled by oceanic and continental regimes from the south and north, respectively. The LCB experiences its highest temperatures between February and June where it sometimes reaches 40 ℃, representing the hottest period in this area ( Figure 2 ). The lowest temperatures in this area are recorded between October and January. The average annual temperature in this area ranges between 30℃ and 40℃. Rainfall in this area lasts from June through September and the rest of the year is relatively dry [37] . The lake's mean depth during extreme conditions varies between 0-1.8 m in the northern pool and about 0.5-2 m in the southern pool [31] . The lake has a very obvious seasonal variation in precipitation with ~90% of the annual precipitation accounted for during the rainy season. 
The LCB climate is characterized by high spatio-temporal variability in rainfall which is mostly controlled by oceanic and continental regimes from the south and north, respectively. The LCB experiences its highest temperatures between February and June where it sometimes reaches 40 • C, representing the hottest period in this area ( Figure 2 ). The lowest temperatures in this area are recorded between October and January. The average annual temperature in this area ranges between 30 • C and 40 • C. Rainfall in this area lasts from June through September and the rest of the year is relatively dry [35] . The lake's mean depth during extreme conditions varies between 0-1.8 m in the northern pool and about 0.5-2 m in the southern pool [29] . The lake has a very obvious seasonal variation in precipitation with~90% of the annual precipitation accounted for during the rainy season. Rainfall variability has also been attributed to a decline in the area of Lake Chad [33] . During the early 1960′s, rainfall over the basin decreased significantly while irrigation (bolstered by the demographic growth) flourished over the same period [29] . It is reported that the reason why the lake has been especially vulnerable to climate variability is because of its rather shallow depth of less than 7 m [28, 34] . Rainfall variability has also been attributed to a decline in the area of Lake Chad [31] . During the early 1960 s, rainfall over the basin decreased significantly while irrigation (bolstered by the demographic growth) flourished over the same period [27] . It is reported that the reason why the lake has been especially vulnerable to climate variability is because of its rather shallow depth of less than 7 m [26, 32] .
Materials and Methods
Materials
With a relatively high spatial resolution of 30 m, Landsat images have been widely used to study and monitor various aspects of inland water bodies [38, 39] . It has provided unparalleled global coverage at medium resolution for over 40 years.
Using the bulk download, 392 images were initially downloaded for the dry season (November to March) periods of 1999, 2007, 2010, 2013, 2015 , and 2018 from the USGS Glovis data archive (https://glovis.usgs.gov). The six dry season periods were selected based on image availability and to represent each Landsat sensor. After visually inspecting the downloaded images, a total of 126 images acquired from Landsat 5 Thematic Mapper (TM), 7 Enhanced Thematic Mapper Plus (EMT+), and Landsat 8 Operational Land Imager (OLI) were selected for processing ( Figure 3 ). The scan line corrector (SLC) of the ETM+ sensor on board Landsat-7 failed permanently, causing a loss of about 17% of the SLC-off image data. A local histogram matching technique proposed by the USGS was used to fill the gaps [40] . Gap filling was carried out for each affected image using the landsat_gapfill.sav extension toolbox in ENVI. Radiometric calibration and atmospheric correction were carried out on the images to eliminate errors from sensors, atmospheric scattering, absorption and reflection. Four Landsat scenes (Path/Row: 184/51, 185/50, 185/51 and 186/50) needed to be mosaicked to generate a "complete" region of interest. For validation purposes, two very high-resolution multispectral images acquired from WorldView-3 (WV-3) were used to validate the reliability of the method used in this study. WV-3 is a high spatial and spectral resolution (0.31 m panchromatic, 1.24 m multispectral resolution) satellite which has an average revisit time of 1.1 days.
Methods
Landsat Preprocessing
Landsat data must be preprocessed prior to analysis of any kind. Using ENVI 5.3 software, various steps were taken to accomplish the preprocessing phase of this study. Landsat scenes were screened to remove cloud/cloud shadows and converted to Top-of-Atmosphere (TOA) reflectance with the help of information from each scene's metadata file. A detailed explanation of Landsat For validation purposes, two very high-resolution multispectral images acquired from WorldView-3 (WV-3) were used to validate the reliability of the method used in this study. WV-3 is a high spatial and spectral resolution (0.31 m panchromatic, 1.24 m multispectral resolution) satellite which has an average revisit time of 1.1 days.
Methods
Landsat Preprocessing
Landsat data must be preprocessed prior to analysis of any kind. Using ENVI 5.3 software, various steps were taken to accomplish the preprocessing phase of this study. Landsat scenes were screened to remove cloud/cloud shadows and converted to Top-of-Atmosphere (TOA) reflectance with the help of information from each scene's metadata file. A detailed explanation of Landsat preprocessing steps for this area is presented in [24] .
Normalized Difference Vegetation Index (NDVI)
The NDVI is a numerical indicator that represents the health of a vegetation canopy and it is wildly used as a measure of vegetation changes [17] [18] [19] . Healthy vegetation absorbs most of the visible light while reflecting most of the near-infrared light. Unhealthy vegetation reflects most of the visible light and less near-infrared. Given this information, NDVI can be derived by using bands that are sensitive to vegetation information. It can be computed using Equation (1).
where ρNIR is the reflectance of the near-infrared wavelength band and ρred is the reflectance of the red wavelength band.
Theoretically, NDVI values are represented as a ratio ranging from -1 to 1. Higher NDVI values usually represent "greener" plants with greater photosynthetic capacity within a vegetation canopy. NDVI for each Landsat image is required to calculate their emissivity which is used to compute Land Surface Temperature (LST).
Deriving LST
Using top of the atmosphere radiance from the thermal infrared sensors, it is possible to calculate brightness temperatures by applying Plank's law [41] . For this estimation, thermal bands from the multispectral images are needed. This is band 6 for Landsat 5 and 7, and band 10-11 for Landsat 8. Their respective wavelengths are presented in Table 1 .
where T is brightness temperature in Kelvin (K), L λ is spectral radiance at the sensor's aperture, K 1 Temperature values obtained from Equation (2) above are referenced to a black body and must be corrected before VTCI can be calculated. Emissivity corrected values were estimated using the NDVI threshold method [42] . To compute emissivity, the proportion of vegetation, (PV), of each pixel was determined from NDVI using the following equation.
where NDVI min is the minimum NDVI value (<0.2) where pixels are considered to be soil and NDVI max is the maximum NDVI value (>0.5) where pixels are considered to be healthy vegetation. In a case where a pixel is composed by a mixture of soil and vegetation (0.2 ≤ NDVI ≤ 0.5), emissivity is calculated according to the following equation [42] .
ε v is vegetation emissivity, ε s is soil emissivity, P v is proportion of vegetation and dε is the effect of the geometrical distribution of the natural surfaces and internal reflections. For heterogeneous surfaces, dε could be 2%. An approximation of the term is given by;
where F is a shape factor whose mean, assuming different geometrical distribution, is 0.55 [43] . Taking into account Equations (4) and (5), emissivity can be calculated as:
Finally, the LST was derived using the following equation [41] ;
where ρ = h * c σ 1.438 * 10 −2 JK −1 , h is Planck's constant (6.626 * 10 −34 J s), c is the velocity of light (2.998 * 10 8 ms −1 ), and σ is the Boltzmann constant (1.38 * 10 −23 JK −1 ). ε is the emissivity derived from NDVI. The values for the wavelength of emitted radiance (λ) for different thermal bands are listed in Table 1 .
Deriving Vegetation Temperature Condition Index (VTCI)
Canopy temperature and water content serve as indicators reflecting the health condition of vegetation. VTCI can be used to describe the water stress condition of a pixel. It is usually derived from the changes in both LST and NDVI, based on an LST-NDVI space relation. This space relation can be established by using a scatter plot of each composite image of LST and NDVI to analyze the wet and dry conditions within an area ( Figure 4 ). The straight lines are drawn in the scatter plots based on the scatter plots of each LST and NDVI products. The upper and lower limits of the respective scatter plots represent the 'warm edges', and 'cold edges', respectively.
In the LST-NDVI space from a given composite product, some pixels have similar NDVI values yet different LSTs. Therefore, a maximum LST and a minimum LST is available for each NDVI value in theory. The warm and cold edges were obtained from the scatter plots by sorting both maximum and minimum LST for each small interval of NDVI (0.01). For this study, scatter plots of the different composite NDVI and LST products were made using ENVI image processing software. The maximum LSTs vary along with NDVIs and can be linearly regressed using Equation (8) . The regression line is called the "warm edge" (water stress restriction), while the regression line between the minimum LST and NDVI (Equation (9)) is called the "cold edge" (no water limitation) of the triangle (Figure 4) . based on the scatter plots of each LST and NDVI products. The upper and lower limits of the respective scatter plots represent the 'warm edges', and 'cold edges', respectively. In the LST-NDVI space from a given composite product, some pixels have similar NDVI values yet different LSTs. Therefore, a maximum LST and a minimum LST is available for each NDVI value in theory. The warm and cold edges were obtained from the scatter plots by sorting both maximum and minimum LST for each small interval of NDVI (0.01). For this study, scatter plots of the different composite NDVI and LST products were made using ENVI image processing software. The maximum LSTs vary along with NDVIs and can be linearly regressed using Equation (8) . The regression line is called the "warm edge" (water stress restriction), while the regression line between the minimum LST and NDVI (Equation (9)) is called the "cold edge" (no water limitation) of the triangle (Figure 4) .
LST_NDVI_i , = a + b NDVI_i
LST_NDVI_i, max and LST_NDVI_i, min are the maximum and minimum LSTs, respectively, of pixels that have the same NDVI value. Coefficients a, b, a', and b' can be estimated from linear regression utilizing maximum and minimum values of NDVI and the associated LST values within the image domain.
To obtain accurate a, b, a ' , and b ' which are crucial for measuring VTCI, the region used for building the LST-NDVI space must be large enough to represent a wide range of NDVI and LST. This range should be comprised of surface moisture contents from wet to dry and from bare soil to a fully vegetated surface. From such a wide range, it is possible to accurately estimate coefficients a, b, a ' , and b ' from the scatter plot of the LST and NDVI in the study area. The shape of the scatter plot is normally triangular or trapezoidal if the study area is large enough to provide a wide range of NDVI and LST [47] . In Figure 4 , a and a′ are the intercept and b and b′ are the slope of the warm edge and cold edge, respectively. VTCI was then calculated for each pixel using Equation (10).
where LST_NDVI_i , and LST_NDVI_i , are obtained using Equations (8) and (9), respectively. In Equation (10), the denominator is computed as the difference between the maximum ( LST_NDVI_i , ) and minimum LSTs ( LST_NDVI_i , ) for the specified NDVI_i, while the numerator is computed as the difference between the maximum and current pixel LSTs (LST_NDVI_i) for a given composite product. To obtain accurate a, b, a , and b which are crucial for measuring VTCI, the region used for building the LST-NDVI space must be large enough to represent a wide range of NDVI and LST. This range should be comprised of surface moisture contents from wet to dry and from bare soil to a fully vegetated surface. From such a wide range, it is possible to accurately estimate coefficients a, b, a , and b from the scatter plot of the LST and NDVI in the study area. The shape of the scatter plot is normally triangular or trapezoidal if the study area is large enough to provide a wide range of NDVI and LST [44] . In Figure 4 , a and a are the intercept and b and b are the slope of the warm edge and cold edge, respectively. VTCI was then calculated for each pixel using Equation (10) .
where LST_NDVI_i ,max and LST_NDVI_i ,min are obtained using Equations (8) and (9), respectively. In Equation (10), the denominator is computed as the difference between the maximum (LST_NDVI_i ,max ) and minimum LSTs (LST_NDVI_i ,min ) for the specified NDVI_i, while the numerator is computed as the difference between the maximum and current pixel LSTs (LST_NDVI_i) for a given composite product.
VTCI rescales the vegetation dynamics between 0 and 1 to reflect relative changes in vegetation condition from "bad" (indicating a condition with relatively less soil moisture, corresponding to a relatively limited evaporation, and plants are considered as suffering water-stress conditions), to "good" (indicating a condition with minimum water restriction or maximum transpiration for plant growth) [44] . Therefore, a high VTCI value corresponds to healthy vegetation while a low VTCI value corresponds to a stressed vegetation [45] . VTCI drought levels can be categorized into five levels, as seen in Table 2 [46, 47] 
Performance Evaluation
Vegetation information from Landsat images is mainly interpreted by differences and changes of the green leaves from plants and canopy spectral characteristics. NDVI was used to characterize canopy growth or vigor which is indicative of vegetation health. However, NDVI is sensitive to the effects of soil brightness, soil color, atmosphere, cloud and cloud shadow, and leaf canopy shadow. NDVI for each Landsat image in this study is required to calculate their respective proportion of vegetation (Pv) which is needed for the computation of emissivity values. Hence, faulty NDVI values will result in faulty VTCI estimates. The most common validation process of a vegetation index is through direct correlations with vegetation characteristics of interest measured in situ, such as vegetation cover, biomass, growth, and vigor assessment. Considering the size and location of the study area, it is difficult to obtain accurate ground-truth observational data on soil moisture, vegetation cover or health. Therefore, to evaluate the reliability of the drought estimation method used in this study, Pv composite images prepared from high resolution WV-3 images were used to create reference maps for comparison with those from Landsat. Pv can be calculated using Equation (3).
Since most of the lake area is located within the tile path/row 185/51 (Figure 3 ), the WV-3 reference images were selected within this tile and their vegetation extent were outlined as being the "true" extent. Due to price constraints, two WV-3 images were used for this purpose (Table 3 ). However, using visual inspection, the two WV-3 images were selected to represent the heterogeneous landscape in this area. We made sure it was easy to identify vegetation, marshes, water and soil features within each image as well as transition zones between the features.
Before quantitative analysis, remote sensing data should be converted to absolute surface reflectance. Using the metadata files associated with each image, WV-3 images were atmospherically corrected by transforming digital numbers (DN) to at-sensor radiance values in the unit of W m −2 sr −1 µm −1 . This was carried out using ENVI image analysis software. About 100 homologous ground control points (GCPs) were selected on each WV-3 image. Image rectification was based on cubic convolution resampling and polynomial transformation and set to WGS 84/UTM zone 33 N projection. The geometrically-corrected Worldview-3 images were subsequently used as references to correct the Landsat images.
Vegetation proportion composite products prepared from WV-3 images were used to generate reference maps needed to evaluate how accurate our drought estimation method was. It should be noted that, even though WV-3 has a revisit time of 1.1 days, an area might not have data records at every 1.1 days interval. This explains the difference in acquisition dates of the images in Table 3 . Nonetheless, there was no severe drought or flooding event reported in this area during those months. Reference points were selected from the WV-3 images through visual inspection and stratified random sampling was applied to represent a range of different vegetation conditions. The Landsatderived vegetation proportion records were extracted for the selected points and compared to that of WV-3. The sampling probabilities were applied as weights for unbiased estimations for the region of interest. Given the heterogeneity of the landform in this area, a uniform minimum and maximum NDVI values could not be used for the estimation of vegetation proportion. Using the same value across all the images may lead to the misclassification of some pixels. The minimum and maximum NDVI values for this purpose were therefore obtained from each NDVI composite product. As such, the resulting vegetation proportion composite images contained pixels from different land surface features. The boundaries of the vegetation feature were extracted from the composite image by manually training each image into "vegetation" and "other" polygons using a supervised classification. The vector polygons were then converted to raster data. Since WV-3 images have a much higher spatial resolution (1.24 m) than the resolution of the Landsat products (30 m), we up-sampled the Landsat products to match the resolution of the reference products. This approach reduced the loss of information and enabled us to carry out a per pixel comparison to assess the accuracy of the vegetation proportion products. The extracted products were classified into four categories and could either be; True Positive or True Negative which will represent image pixels that are correctly classified as vegetation or non-vegetation respectively, and, False Positive or False Negative which denotes image pixels that were mistakenly classified as vegetation and non-vegetation respectively. Using these classes, an error matrix table of class labels allocated by the pixel classification of the Landsat derived pixels against the referenced WV-3 derived pixels was created. More detailed information on spatial accuracy assessment and confusion matrix can be found in [46, 47] .
The accuracy parameters derived from populating the error matrix table for this study included the Overall Accuracy (OA), Commission Errors (CE), Omission Errors (OE) and the kappa coefficient (k) of agreement. The OA provides the probability that a randomly selected sample on the image is correctly classified. CE occurs when a feature is incorrectly included in the category being evaluated. OE represents features that are left out of the category being evaluated. The Kappa coefficient measures the percentage of agreement between the referenced WV-3 vegetation proportion pixels and segmented Landsat vegetation proportion pixels. OA, CE, OE and k can be calculated using Equations (11) 
where, P = total number of pixels in the reference data, P ai = total number of correct pixels of the ith category, P ic = total number of pixels for the ith category derived from the classified data, P ri = total number of pixels for the ith category derived from the reference data, and n is the total number of categories.
Results
Performance Analysis
The estimation of the proportion of vegetation is important in deriving and monitoring surface emissivity, which is a significant aspect of the VTCI model. Vegetation pixels obtained from WV-3 and Landsat vegetation proportion composite images were compared to evaluate the reliability of the methods used in this study. The averaged Overall Accuracy (OA) of vegetation proportions detected during our two test periods was greater than 90% mostly due to the relative ease of identifying vegetation feature within the area (Figures 5 and 6 ). An averaged kappa coefficient (k) greater than 8 was also detected during this test periods (Table 4 ). Such high level of OA and k indicates that vegetation proportions for this purpose were accurately extracted. Errors of commission and omission for the vegetation proportions were 2.8% and 3.9% for 2015, and, 8.5% and 11.8% for 2018. These errors were unevenly distributed across this region ( Figure 6) .
Examples of the spatial differences between the reference maps and the vegetation proportion products from Landsat are shown in Figure 5 . In each of the examples, we see that the disagreements are primarily located at the shaded areas in transitions between the vegetation and other land features. In such heterogeneous areas, vegetation proportions within the reference image were mapped out in a "patchy" manner ( Figures 5e,f and 6b) . The differences within the images indicates that the index slightly overestimated some areas that were or were not vegetation areas and could possibly explain the difference in the OA and kappa coefficient between the test periods. In areas where the distinction between vegetation and other land features area clear, this method can easily delineate vegetation proportions needed for VTCI model (Figures 5b,c and 6a) . 
VTCI Analysis
The warm and cold edges of each image were determined from their maximum and minimum LST products alongside their corresponding NDVI. These edges were crucial for the determination of VTCI for our study period. LST_NDVI_i , and LST_NDVI_i , obtained from a scatter plot of LST-NDVI for 2018/02/21 is shown in Figure 7 . Similarly, the warm and cold edges for every composite image of LST and NDVI were obtained to calculate the VTCI during our study period. Table 5 shows the warm and cold edges for 2018, we see that the warm edge slopes were negative for that period.
This indicates that LST_NDVI_i , decreases as NDVI increases for every NDVI interval. Contrary to the warm edge, the slopes of the cold edge were all positive indicating LST_NDVI_i , increases as NDVI increases. The shape of the scatter plot reveals our region of interest was large enough to provide numerous NDVI and LST estimates [47, 52] . The differences within the images indicates that the index slightly overestimated some areas that were or were not vegetation areas and could possibly explain the difference in the OA and kappa coefficient between the test periods. In areas where the distinction between vegetation and other land features area clear, this method can easily delineate vegetation proportions needed for VTCI model (Figures 5b,c and 6a) . 
The warm and cold edges of each image were determined from their maximum and minimum LST products alongside their corresponding NDVI. These edges were crucial for the determination of VTCI for our study period. LST_NDVI_i ,max and LST_NDVI_i ,min obtained from a scatter plot of LST-NDVI for 2018/02/21 is shown in Figure 7 . Similarly, the warm and cold edges for every composite image of LST and NDVI were obtained to calculate the VTCI during our study period. Table 5 shows the warm and cold edges for 2018, we see that the warm edge slopes were negative for that period. This indicates that LST_NDVI_i ,max decreases as NDVI increases for every NDVI interval. Contrary to the warm edge, the slopes of the cold edge were all positive indicating LST_NDVI_i ,min increases as NDVI increases. The shape of the scatter plot reveals our region of interest was large enough to provide numerous NDVI and LST estimates [48] . The information obtained from the warm and cold edges for each composite image were used to calculate VTCI estimates during the study period. Figure 9 represents the averaged VTCI composites for the dry seasons of 1999, 2007, 2010, 2013, 2015 , and 2018. The information obtained from the warm and cold edges for each composite image were used to calculate VTCI estimates during the study period. Figure 9 represents the averaged VTCI composites for the dry seasons of 1999, 2007, 2010, 2013, 2015, and 2018. From these maps, we see that in 1999, there was very little drought that affected this region followed by a continuous decrease in moisture from 2007 to 2013 with most of the drought events occurring on the northern side of the lake. We also see that some drought (both extreme and severe conditions) creeping in from the south eastern section of that region. However, no prevailing extreme drought conditions are observed in the southern section of the lake. From 2015 to 2018, we see an improvement in the drought condition. However, an extreme drought situation prevailed in the northern section of the lake in 2018.
From Figure 9 , we can see that sections or areas within the Lake Chad affected by different drought conditions varies over time. These variations can be examined with regard to temporal variations in the proportion of each drought category occurring over this area ( Figure 10 ). We see from Figure 10 that most of the temporal variations occurred between three categories, moderate, severe and extreme drought. The No and Mild drought categories dominated our study area and together accounted for about 60% of the drought condition in this area. Meanwhile, the severe and extreme drought conditions fluctuated between 5% and 30%. Although No drought and Mild conditions dominated the entire area, we see a decrease in the Mild conditions by about 15% in 2013 and 2018. Though the No drought condition slightly increased during that period, we see that this decrease in Mild drought conditions was accounted for by an increase in moderate and severe drought conditions. The area under moderate drought decreases notably from 1999 to 2010 and peaks into the 18% range where it stayed slightly fluctuating. Generally, we see that areas under severe and extreme drought conditions marginally increases during this period with the most severe drought conditions experienced in 2010, 2013 and 2018. The information obtained from the warm and cold edges for each composite image were used to calculate VTCI estimates during the study period. Figure 9 represents the averaged VTCI composites for the dry seasons of 1999, 2007, 2010, 2013, 2015 , and 2018. From these maps, we see that in 1999, there was very little drought that affected this region followed by a continuous decrease in moisture from 2007 to 2013 with most of the drought events occurring on the northern side of the lake. We also see that some drought (both extreme and severe conditions) creeping in from the south eastern section of that region. However, no prevailing extreme drought conditions are observed in the southern section of the lake. From 2015 to 2018, we see an improvement in the drought condition. However, an extreme drought situation prevailed in the northern section of the lake in 2018. From Figure 9 , we can see that sections or areas within the Lake Chad affected by different drought conditions varies over time. These variations can be examined with regard to temporal variations in the proportion of each drought category occurring over this area ( Figure 10 ). We see from Figure 10 that most of the temporal variations occurred between three categories, moderate, Figure 10 . Drought category changes for averaged VTCI in Lake Chad.
Discussion
VTCI, which is a combination of NDVI and LST both derived from Landsat images, was designed to characterize soil moisture conditions around Lake Chad. WV-3 images were used as reliable references for assessing the vegetation proportion derived from Landsat. Vegetation proportions extracted from Landsat were compared with those extracted from the reference data (WV-3) to verify the reliability of this method. An error matrix was used to obtain the overall accuracy, error of commission, error of omission and the kappa coefficient. The vegetation proportion products that were derived from the Landsat provided an accurate representation of the vegetation distribution and dynamics in this area. The corresponding validations relied on manual interpretation with calculated errors of commission and omission averaging 5.7% and 6.8%, respectively.
The spectral variability of vegetation depends on the canopy structure and biochemistry, like chlorophyll content. Visually inspecting Figures 5 and 6 , we see that different land feature types are assigned similar spectral signatures which may make extraction of specific features difficult. Generally, the accuracy of the vegetation proportion maps depends on the heterogeneous characteristic of the area mapped. When over an area where the land surface features can be easily distinguished, the overall accuracy of detecting vegetation proportion can exceed 95%. As it expands into environment of varying landforms, the accuracy decreases (Figure 6b,d) .
Mixed pixel classifications are common in remote sensing practices. This is usually severe in areas where there is a mixture or transition between the different land surface features. In Figure 5f , the high amount of omission error (11.8%) indicates an under-classification of the vegetation proportion within that cell. These errors typically occurred along swamps or transition zones where the presence of both vegetation and non-vegetation features within the pixel led to a failure to identify vegetation (Figures 5e,f and 6b ). This can be further improved by applying sub-pixel and super-resolution mapping methods [48, 49] . However, we minimized the use of selected reference products from such transition zones. Additionally, we assumed that the effect of the timing difference between the images used for accuracy assessment was negligible in regards to changes in vegetation proportion. The differences between vegetation proportion products seen in Figures 5 and 6 could also be due to environmental factors, Landsat and WV-3 sensor, and processing differences which may result in differing spectral reflectance values for individual pixels.
The Lake Chad Basin has experienced a stable precipitation regime since the late 1990s, and despite these promising precipitation regimes, the discharge of the Chari River remained relatively low. It has also been reported that for equal precipitation, the Chari supplies approximately 30% as inflow into the southern pool of the lake [50] . The northern pool is known to be flooded during extreme wet conditions during which some of its inflow comes from the southern pool. In cases where discharge from the Chari River is low, overflow into the northern pool is not possible, which may explain why majority of the drought affects from that section of the lake (Figure 9 ). The drought pattern in the northern pool is to some extent consistent with those reported in a study from Lemoalle et al. [51] , where the authors reported draw down surface areas in the northern pool of the lake varies from 0 to 2700 km 2 depending on the Chari river discharge. However, water maps for this area show that the lake's northern pool has been partially flooded every year since the early 2000s, without completely drying up [26] . This "positive" situation should allow for a better drought condition in the future given insecurity in this area has caused some inhabitants to move away, disrupting the relationship between the lake and the population [50] . Figure 9 also shows that some drought cases identified within the study period were not severe. This was further illustrated by the temporal variation of the drought categories in Figure 9 . However, in an area like this where agricultural practices predominantly depend on the lake, such drought cases could be significant enough to negatively impact the food security conditions within the community. We also see in Figure 9 that over the years, major changes in the vegetation proportions in this area mostly occurred in the northern side of the lake. This is probably because the climate (Saharan desert climate) in this section is hot and dry, with rainfall ranging from 20-150 mm and temperatures greater than 35 • C. Contrarily, in the southern section of the lake, we see few changes in the vegetation proportion in that area. This is most likely because it is situated in the Sahel region with marked regional and seasonal variations in rainfall.
Lake Chad is known to have suffered a huge decline in freshwater availability mostly due to irrigation schemes, rainfall variability, extreme drought conditions and human activities [37] [38] [39] . LST and NDVI retrieved from Landsat data, may provide more valuable information about the temperature and vegetation health in this area (Figure 8 ). When combined, LST and NDVI can serve as a drought monitoring indicator. However, the different resolutions of NDVI and LST and usage of diverse sensors may affect the VTCI quality. For example, the 120 m resolution from the thermal band 6 of Landsat 5 may include mixtures of sand dunes, marshes and natural land forms peculiar for this area. These landforms may present abnormally high temperatures which could affect the magnitude and convergence of the cold and warm edges of the LST-NDVI space. In addition, the high dependence of image quality on the climatic environment is a possible drawback. Given the size of this area and its limited environmental data monitoring infrastructure, it is difficult obtaining ground observation data. This hinders the direct estimation of drought in this area. As such, the drought estimates from this study could not be evaluated against in situ drought estimates. A thorough validation exercise is needed by comparing VTCI values with in-situ measured soil moisture data if available. As the objective of this paper is to characterize drought patterns using VTCI from Landsat satellite, this has been designated as future work.
Ideally, all cloud free Landsat images would detect drought patterns within the Lake Chad Basin. Nevertheless, with a 16-day revisit period, Landsat satellites can only partially capture drought patterns for a given month. At such a temporal resolution, some flooding or drought events may be missed. However, it is still certain that the proposed approach analyzed by Landsat can be effectively used as a framework for long-term drought monitoring in this area. To enable a quick response to any drought situation, short time lags are required between data acquisition and information release. Therefore, given the 16-day revisit period of Landsat and cloud defects on some images, the seasonal drought patterns in this study have some limitations in real time processing of the Landsat data for drought monitoring.
Nonetheless, updates and development of new remote sensing technologies with higher temporal and spatial resolutions could serve as potential data sources for drought monitoring with higher precision. It is important to note that vegetation makes up over 50% of this area [24] . As seen in Figures 5 and 6 , this method has potential to accurately delineate vegetation patterns and health even in some transition area. This could serve as drought indicators for this area. During the calculation of vegetation proportion from the images used in this study, we did not use a uniform value to represent the maximum and minimum NDVI values. Instead, we carried out thorough visual inspection on each NDVI composite image to extract their respective minimum and maximum NDVI values which were later used to calculate their vegetation proportion. Though time consuming, it reduced the misclassification of some vegetation pixels. This process further reduced uncertainties associated with our method. It is advisable to exercise and observe such level of caution from data collection to result interpretation especially when dealing in areas with limited in-situ data. While policies for proper management of the lake are being put in place by the LCBC to ensure sustainable management of this water resource, we suggest that the influences of atmosphere and other additional channels on drought in this area should be investigated over a longer period. This can be achieved in future studies by cautiously incorporating recent datasets from ground observations, high resolution satellite data, and hydrological models.
Conclusions
The objective of this research was to characterize spatial drought patterns around the immediate environment of the Lake Chad. The VTCI derived from LST and NDVI in Landsat products is applied for the first time to monitor drought patterns in this area. We show examples for the identification of extreme events to demonstrate the ability of Landsat products to capture and represent spatial and temporal details. A Vegetation Index, (NDVI) and Land Surface Temperature (LST) from Landsat were used as indicators for drought monitoring. Using the outputs from LST and NDVI, Vegetation Temperature Condition Index (VTCI) composites were derived. Analyses of averaged VTCI estimates obtained during the study period revealed a high drought occurrence in the northern section of the Lake area.
Landsat data were used for these analyses and as shown, had some limitations in terms of resolutions where we had some pixels being reported as vegetation which were false. In addition to that limitation, Landsat images are also limited by cloudiness which reduces the amount of data available at a given time. However, for this study we were able to find suitable cloudless images from Landsat for our analyses. Issues related to misjudgment of features due to image resolution can be addressed through the use of very high-resolution images. With further result testing and the consistent availability of cloud free multispectral images, this approach has the potential to provide a general framework for future drought monitoring, thermal conditions and vegetation health in this area.
According to the VTCI series shown in Figure 7 , despite the severe drought conditions experienced in the dry seasons of 2007 and 2010, we see a significant improvement in 2013. Compared to previous studies, this work provides a simple and efficient way of addressing the issue of drought in this area. The findings of this study can assist and support improved sustainable management policies especially in the UNESCO's BIOsphere and Heritage of Lake Chad (BIOPALT) project which aims at producing early warning systems for drought. 
